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tation for probabilistic input-to-output mapping. It has been recently tested in a pure ML

Kevwords: context, and shown to be as powerful as classical ML techmques for point-wise prediction.

Data-Driven Model (DDM) Some advantages are inherent to the method, such as its exphctness and adaptability to

Proper Orthogonal Decomposition (POD) small training sets, in addition to the associated probabilistic framework. Simultaneously,

Dimensionality Reduction (DM)] Dimensionality Reduction (DR) techniques are increasingly used for pattern recognition and

Polynomial Chaos Expansion (PCE) data compression and have gamed interest due to improved data quality. In this study, the

zietsh '?2:) -L::mmg (W) interest of Proper Orthogonal Decomposition (POD) for the construction of a statistical pre-
L L

dictive model 1s demonstrated. Both POD and PCE have amply proved their worth in their
respective frameworks. The goal of the present paper was to combine them for a field-
measurement-based forecasting. The described steps are also useful to analyze the data.
Some challenging issues encountered when using multidimensional field measurements are
addressed, for example when dealing with few data. The POD-PCE coupling methodology
1s presented, with particular focus on mput data characteristics and traiming-set choice. A
simple methodology for evaluating the importance of each physical parameter 1s proposed

for the PCE model and extended to the POD-PCE coupling.
& 2020 The Author(s). Published by Elsevier Inc. This 1s an open access article under the
CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Deep Learning techniques (DL [1]) and more generally Machine Learning (ML [2]), and their applications to physical
problems (fluid mechanics [2]; plasma physics [4]; quantum mechanics [5], etc.) have made a promising take-off in the last
few years. This has been particularly the case for fields where the measurement potential has dramatic FEEDBACK @
Geoscience Data [6]). In this context, learning techniques are of interest to establish non-linear physical




